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Time-Frequency Parameters  of the  Surface 
Myoelectric Signal for Assessing Muscle Fatigue 
during Cyclic Dynamic Contractions 
Paolo Bonato*, Serge H. Roy, Marco Knaflitz, and Carlo J. De Luca 
Abstract-The time-dependent shift in the spectral content of 
the surfacemyoelectricsignaltolowerfrequencieshas provento be 
a usefultoolfor assessinglocalizedmusclefatigue.Unfortunately, 
the techniquehas been restricted to constant-force,isometriccon­
tractions because of limitations in the processingmethods used to 
obtain spectral estimates. A novel approach is proposed for cal­
culating spectral parameters from the surface myoelectric signal 
during cyclicdynamic contractions. The procedure was developed 
using Cohen class time-frequency transfonns to define the instan­
taneous median and mean frequency during cyclicdynamic con­
tractions. Changes in muscle length, force, and electrode position 
contribute to the nonstationarity of the surface myoelectricsignal. 
These factors, unrelated to localized fatigue, can be constrained 
and isolated for cyclic dynamic contractions, where they are as­
sumed to be constant for identical phases of each cycle. Estima­
tion errors for the instantaneous median and mean frequency are 
calculated from synthesized signals. It is shown that  the instan­
taneous median frequency is affected by an error slightly lower 
than  that related to the instantaneous mean frequency. In addi­
tion,wepresent a sampleapplicationtosurface myoelectricsignals 
recorded from the first dorsal interosseous muscle during repeti­
tiveabduction/adduction ofthe indexfingeragainstresistance.Re­
sults indicate that the variability of the instantaneous median fre­
quency is related to the repeatability of the biomechanics of the 
exercise. 
Index  Terms-Cyclic contractions, electromyography (EMG), 
fatigue, muscle, spectral analysis, time-frequency analysis. 
L  INTRODUCTION 
P
IPER showed  at the beginning of this century  [32]  that 
during a sustained muscle contraction the spectral compo­
nents of the surface myoelectric  signal are compressed toward 
the lower frequencies. The mechanisms that regulate this phe­
nomenon  have only been clarified during the last two decades 
[3]. Following these  developments,  researchers have pursued 
the analysis of the surface myoelectric  signal for such clinical 
problems as muscular dystrophy [20], [33] and lower back pain 
[4], [25], [36] as well as for gaining knowledge about the physi-
Manuscript received  January 7, 1998; revised April 6, 2001. This  work was 
supported in part  by The  Whitaker Foundation under Project "Assessment of 
muscle  function  during  cyclical lifting  through the  analysis  of  surface  elec­
tromyographic signals." Asterisk indicates corresponding author. 
*P. Bonato  is with  the NeuroMuscular Research Center, Boston University, 
19 Deerfield Street,  Boston,  MA 02215  USA (e-mail: pbonato@bu.edu). 
S. H. Roy and C. J. De Luca are with the NeuroMuscular Research Center, 
Boston University,  Boston,  MA 02215 USA. 
M. Knaflitz is  with  the Dipartimento di Elettronica, Politecnico di Torino, 
10100 Torino, Italy.
 
Publisher Item Identifier S 0018-9294(01)05132-1.
 
ological mechanisms underlying fatigue and motor unit control 
[19], [24]. 
Previous  studies  of  muscle  fatigue  based  on  the  surface 
myoelectric  signal have been limited to data collected  during 
constant-force contractions sustained isometrically [11]. In this 
contraction paradigm,  the  main  phenomenon that  influences 
the frequency scaling of the power spectrum of the myoelectric 
signal is the accumulation of biochemical byproducts within the 
muscle [3]. The metabolite accumulation induces a progressive 
modification of the interstitial fluid pH, which in turn causes 
a reduction of the propagation velocity of the action potential 
along the muscle fibers. This complex of electrophysiological 
phenomena is referred to as localized muscle fatigue [11]. 
When  the  surface  myoelectric  signal  is  recorded  during  a 
constant-force, isometric contraction, it may be considered as 
a realization of a wide-sense stationary stochastic process with 
Gaussian amplitude distribution and zero mean [3]. Under these 
conditions the correlogram or the periodograrn may be adopted 
to estimate the power spectrum of the signal [30]. Either the me­
dian frequency of the power spectrum of the signal or its mean 
frequency is typically used to track the spectral scaling resulting 
from the progression of fatigue [11], 
Although  the  analysis  of  the  surface  myoelectric  signal 
detected  during  constant-force  isometric  contractions  has 
been  useful  in  a  number  of  applications,  tests  which  better 
represent "real-life" conditions are necessary for extending its 
applicability in the clinical and ergonomic sciences  [6]. There 
is a need to study contractions that depart from constant-force 
isometric conditions, i.e., those in which the muscle force and 
the  position  of  body  segments  change  during  the  exercise. 
Throughout this paper, this contraction modality is referred to 
as dynamic. 
When  the  surface  myoelectric  signal  is  recorded  under 
dynamic  conditions,  the  assumption  of  stationarity  does  not 
hold because the frequency content of the signal continuously 
changes over time. Nonstationarities of the surface myoelectric 
signal can be classified as slow or fast. Slow nonstationarities 
are mostly due to the accumulation of metabolites that causes 
the  electrical  manifestations  of  muscle  fatigue.  Fast  nonsta­
tionarities  are mainly related to the biomechanics of the task. 
Variations in muscle force cause a modification of the frequency 
content of the signal [5], [7]. A scaling of the power spectrum 
is also observed  as a function  of the change in muscle length 
[16]. In addition,  the movement of the body segments causes 
a relative  displacement of  the electrodes  with  respect  to  the 
underlying muscle fibers, which affects the frequency content 
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of the myoelectric signal [12], [22]. Therefore, the study of the 
frequency content ofthe myoelectric signal under dynamic con­
ditions must be performed by methods that are appropriate for 
processing  nonstationary  signals. Cohen class  time-frequency 
transforms  have recently been  shown suitable  for processing 
surface myoelectric data recorded during dynamic contractions 
[6], [18], [21], [37]. Despite this advancement, further work is 
needed  to define and validate parameters  that can be  used to 
monitor changes  in the frequency content  of  the myoelectric 
signal during the cyclic exercise. 
The  aim  of  this  paper  is  to  describe  recent  advances  on 
the use  of  time-frequency  transforms  for  assessing  localized 
muscle fatigue  during cyclic  dynamic contractions. First,  we 
describe  recommendations  for  calculating  the  instantaneous 
median  and  mean  frequency  parameters,  based  on  previous 
work  using  time-frequency  transforms  of  the  Cohen  class. 
Then,  we demonstrate  the estimation  error  that affects  these 
instantaneous  frequency  parameters.  The  emphasis  is  placed 
on contractions  that are cyclically generated.  We propose and 
discuss  methods  to increase the stability of the instantaneous 
frequency parameter estimation in order to make the assessment 
of localized fatigue more reliable. A sample application to the 
analysis of real surface myoelectric signals is presented for the 
first dorsal interosseous muscle during repetitive abduction/ad­
duction of the index finger against resistance. The progressive 
scaling  of  the  time-frequency  spectrum  of  the  myoelectric 
signal toward lower frequencies is described and then discussed 
in  terms  of its  applicability  to  measuring  localized  muscle 
fatigue. 
II.  COHEN-CLASS TIME-FREQUENCY ANALYSIS OF
 
NONSTATIONARY  PROCESSES
 
Among the different possible approaches  to the analysis of 
nonstationary signals, Cohen class transformations [9] have re­
ceived considerable attention, particularly in biomedical signal 
processing  [1]. This  class  of  time-frequency  representations 
is particularly  suitable to  analyze  surface myoelectric  signals 
recorded during dynamic contractions,  which may be modeled 
as realizations of nonstationary  stochastic processes  [6], [18], 
[21], [37].  Previous work by Martin  and Flandrin  [26],  [27], 
Amin  [2], and Sayeed  and Jones  [37] demonstrated that any 
Cohen class time-frequency spectrum S(t, J) may be written as 
S(t, J) = i:i:i: E{x(t' + T/2)x*(t' - T/2)}g(fJ, T) 
. c-j 2rr9(t'-t)c-j 2rr! -rdfJdt'dr  (1) 
where 
E{}  expectation operator; 
x(t)  realization of the stochastic process under consid­
eration; 
x*(t)  complex conjugate; 
t  time; 
frequency; 
T  time-lag; 
fJ  frequency-lag; 
t'  auxiliary variable; 
g(fJ,T)  kernel of the transform. 
f 
Also, x(t) indicates the analytic process obtained from the real 
recording. Since the kernel g(fJ, T) does not depend on t and f, 
the resulting distribution  is time and frequency  shift invariant 
[9]. This characteristic is of paramount importance when corre­
lating the time-frequency representation with physical or phys­
iological phenomena and makes Cohen class distributions par­
ticularly suitable to study muscle fatigue. 
When one chooses g(fJ, T) = 1, the resulting distribution is 
referred to as Wigner-Ville distribution  [9]. The Wigner-Ville 
is optimal  to analyze  signals constituted by a single compo­
nent. However, it is  not well suited  for application  to  multi­
component  signals,  since  the bilinearity  of  the transform  in­
duces the presence of interference terms  [9].  Several authors 
attempted to reduce the interference  terms by developing spe­
cific kernels. In the following, we will investigate the applica­
tion of the Choi-Williams and the Born-Jordan transforms. The 
Choi-Williams transform [8] has been shown to be particularly 
suitable for the analysis of surface myoelectric signals [6], [18], 
[21], [37]. Its kernel is defined as g(fJ,T) =  c-(2rr9-r)2/". In 
the analysis of surface myoelectric signals recorded during dy­
namic contractions the parameter (J"  has been chosen equal to 1 
as this value appeared to be satisfactory for processing myoelec­
tric data [6], [18], [21], [37]. This is also the way the kernel was 
used in this study. The Born-Jordan transform provides an esti­
mate of the time-frequency spectrum that minimizes the average 
variance for white noise processes [14]. Its kernel is defined as 
g(fJ, T) =  sin(-rrfJT)/(-rrBT). 
Sayeed and Jones [37] demonstrated that the formulation pre­
sented in  (1)  may  also  be  utilized  when  a single realization 
of the analyzed  stochastic  process  is available, as is the case 
when processing  surface  myoelectric  signals recorded during 
dynamic contractions. Therefore  the expectation operator may 
be removed. However, when removed, the variance of the time­
frequency spectrum estimate may be too high to derive param­
eters measuring localized muscle fatigue. Averaging the distri­
bution over finite time  intervals [28], [40] decreases  the esti­
mation variance and does not introduce a significant bias if  the 
averaging is limited to quasi-stationarity intervals [26], [27]. If 
the quasi-stationarity condition cannot be satisfied, setting the 
length of the time intervals for the averaging technique leads to a 
tradeoff between bias and variance of the estimate. When the av­
eraging technique is applied, DS(i,j) [DS('i,j) 1  < i <  N 
and 1  <  j  <  M  being the time-frequency spectrum obtained 
by considering the discrete counterpart of (1)] is replaced in the 
time intervals ((k - l)P + 1, kP), 1 :s  k :s  N / P by 
1  r 
DS(k,j) = P ~DS(1 + (k -l)P,j).  (2) 
1=1 
This formula can be modified when overlapping among the 
finite time intervals is allowed. This approach is advantageous 
when one wants to avoid excessively decreasing the time reso­
lution of the averaged distribution and still apply the averaging 
over a large enough window to decrease the estimation variance. 
Once the time-frequency spectrum of the myoelectric signal 
is obtained, the instantaneous median and mean frequency may 
be defined by replacing  the power density  spectrum with the 
time-frequency  spectrum  in the formulae  that define the cor­
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median  and mean frequency  are extensions of the parameters 
defined in the stationary case, their physiological interpretation 
is parallel with that of the corresponding parameters defined in 
the stationary case. 
Several factors may cause a sudden change in the frequency 
content of  the  surface  myoelectric  signal  when  the  biome­
chanics  of  the  task  may  vary  suddenly. Thus,  the estimation 
error has to be insensitive to changes in the instantaneous fre­
quency spectrum. In addition, the estimator must be insensitive 
to instantaneous variations of the signal-to-noise ratio (SNR). In 
fact, when the force exerted by the muscle under investigation 
changes, the signal to noise ratio varies accordingly. It follows 
that desirable  estimators should  track  actual  variations  of  the 
observed parameters minimizing the influence of variations of 
the signal to noise ratio, 
A way to minimize  the sensitivity  of the instantaneous fre­
quency  parameter estimation to additive  noise is to avoid the 
integration of the high frequency portion of the time-frequency 
representation where there are no significant signal components. 
In order to implement this approach, we adopted an algorithm 
previously  suggested by D' Alessio  [10] to estimate the upper 
frequency  of  the  power  density  spectrum.  We used  then  the 
upper frequency  to limit the considered frequency range when 
computing the instantaneous frequency parameters. 
The estimation procedure  may be  therefore  summarized as 
follows. 
I.	  Estimate  the time-frequency spectrum using  the dis­
crete time counterpart of (1). 
II.	  Average over  short  time intervals  of  P  samples,  ac­
cording to (2). 
III.	  Compute  the  upper  frequency  according  to 
D' Alessio's algorithm [l0]. 
IY.	  Estimate  the  instantaneous  mean  and  median  fre­
quency defined as follows: 
IMDF(k)
L  DS(k,j) = 
UF(k)
L  DS(k,j)  (3) 
j=l  j=IMDF(k) 
UF(k}
L  k81DS(k,j) 
IMNF(k) =  j=l  (4) 
",UF(k} DS(k  ')
D]=l  ,J 
where 
IMDF(k) and IMNF(k)  instantaneous  median  and 
mean frequency; 
UF(k)	  denotes the upper frequency; 
DS(k,j)	  time  averaged  estimate of the 
time-frequency spectrum; 
frequency  interval between the 
samples  of the time-frequency 
spectrum; 
k andj	  time and frequency indexes, re­
spectively. 
III.  CHARACTERIZATION OF THE ESTIMATION  ERROR 
Computer synthesized signals were used to assess the appli­
cation  of the above-described procedure to the surface  myo-
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Fig.  1.  Instantaneous  mean  frequency  of different  nonstationary  stochastic 
processes:  expected  value  (continuous  lines)  and  estimates  obtained  by 
different  time-frequency  transforms  (circles  are relative  to the Wigner-Ville 
transform,  triangles  to  the Born-Jordan transform, and squares correspond  to 
the Choi-Williams transform). The simulated nonstationarities are (a) step, (b) 
triangular, (c) linear increasing, and (d) quadratic profile. 
electric signal recorded during dynamic contractions. The syn­
thesized  signals  were  obtained by  bandpass  filtering  a white 
Gaussian  series. The  bandpass filter was chosen  according to 
previous work by Stulen and De Luca [39] who suggested sim­
ulating surface myoelectric signals using a shaping filter with 
the following transfer function: 
k21~P 
H(J) = (j2 + 1?)(j2 + 1':)2 
(5) 
where 
11	  bandpass low cutoff frequency; 
h	  bandpass high cutoff frequency; 
k	  1.699/j,.. 
Following  Stulen  and  De Luca's recommendations,  the high 
cutoff frequency  was chosen equal to twice the low cutoff fre­
quency. 
To  apply  the  shaping  filter	 to  the  white  Gaussian  series, 
the transfer  function  was transformed in the discrete  domain 
by means  of a bilinear transformation and  the corresponding 
infinite  impulse  response  filter  was  derived.  Variations  to 
the  frequency  content of  the  simulated  surface  myoelectric 
signal  were  produced  by  incrementally  adapting  the  filter's 
coefficients every 16 samples.  A sampling  rate equal  to 1024 
Hz was simulated. 
We considered four different profiles of the instantaneous me­
dian and mean frequency  in which fast variations of the spec­
tral characteristics were simulated. The four theoretical profiles 
are shown as solid lines  in Fig.  1. In all these cases, dramatic 
changes in the frequency  content of the signal were simulated 
within  time intervals  as short as 250 ms. Two additional  sta­
tionary intervals of 125 ms each (not shown in Fig. 1) were gen­
erated before and after the nonstationary interval. The statistical 
properties of the initial and final stationary sequences were kept 
equal to those of the initial and terminal part of the nonstationary 
series. Epochs  lasting 0.5 s were generated in this manner, re­
sulting in time-frequency distributions with a frequency  reso­
lution equal  to 2 Hz. The  time-frequency transformation was 
implemented by first deriving the instantaneous autocorrelation 
function  using  an  alias-free  algorithm and  then applying the 
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kernel of the transformation in the ambiguity domain [6]. When  A  B 
computing the instantaneous autocorrelation function, the time­
support was kept equal to 0.5 s and the time-lag support was lim­
ited to 250 ms. The Fourier transform (from t  to ()) was taken 
and the kernel of the transform was applied. The time-frequency 
representation was computed by an inverse Fourier transform 
(from () to t) and then Fourier transforming (from  T  to 1) the 
function derived in the (t, ()) domain. Zero-padding from 512 to 
1024 samples was applied before Fourier transforming (from T 
to 1). This procedure allowed us to estimate the time-frequency 
distribution  with frequency resolution of 2 Hz and frequency 
interval of 1 Hz. In the time-frequency domain, we did not con­
sider the Fourier transform corresponding to the first and last 
128 samples on the time axis because the estimation errors in 
such intervals increase due to the finite time support of  the input 
signal. The rest of the distribution was averaged over finite time 
intervals of 32 samples using a version of (2) modified in order 
to allow 75% overlap among time intervals. Ultimately, (3) and 
(4) were utilized to compute the instantaneous median and mean 
frequency. 
For each profile type, one-hundred  realizations of the non­
stationary  stochastic process were considered. Three time-fre­
quency  transformations were  applied to each  epoch,  i.e.,  the 
Wigner-Ville, the Choi-Williams, and the Born-Jordan trans­
formations  [1]. 
Fig. 1 shows the simulated profiles of the instantaneous mean 
frequency  (solid  lines), which are compared  to  the estimates 
derived  by applying  the three different  time-frequency  distri­
butions  mentioned  above. Fig.  l(a) is an  example  of  abrupt 
changes in the frequency content of the myoelectric  signal. It 
is apparent  that the bias of the estimate  of the instantaneous 
mean frequency  for the Choi-Williams distribution is always 
smaller than the bias for the Wigner-Ville and the Born-Jordan 
transforms.  This is most likely due  to the superior  capability 
of the Choi-Williams distribution in rejecting the interference 
terms. Fig. l(b}-(d) shows that the bias depends on the specific 
simulated  profile,  although  the  lowest  and  highest  expected 
frequencies are equal in every profile. This dependency is likely 
due  to  the  presence  of  interference  terms,  whose  geometry 
depends on the specific profile. Furthermore, Fig. 1 shows that 
the time-averaging  window utilized to decrease the variability 
of the estimate of the time-frequency spectrum, as well as the 
kernel  of  the  Born-Jordan  and  Choi-Williams  transforms, 
produce a slight smoothing of the time course of the estimated 
mean frequency. 
In  Fig.  2,  the  simulated  profiles  of the  instantaneous me­
dian frequency (solid lines) are compared to the estimates de­
rived from the three different time-frequency distributions. The 
behavior  of  the instantaneous  median  frequency  is  similar  to 
that of the mean frequency. From the results it may be argued 
that the instantaneous median frequency obtained by using the 
Choi-Williams transform is associated  with a smaller bias on 
average than the estimates derived by means of the Born-Jordan 
and the Wigner-Ville distributions. 
To evaluate  the effect of different  SNRs,  the analysis  was 
repeated  by superimposing  an  uncorrelated  zero-mean  white 
Gaussian process on the signal, which resulted in SNRs equal 
to 10 dB and 1 dB. A comparison was made among profiles re­
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Fig. 2.  Instantaneous median frequency of different nonstationary stochastic 
processes:  expected  value  (continuous  lines)  and  estimates  obtained  by 
different time-frequency transforms (circles are  relative  to  the  Wigner-Ville 
transform, triangles to the Born-Jordan transform, and squares  are relative  to 
the Choi-Williams transform). The simulated nonstationarities are (a) step, (b) 
triangular. (c) linear increasing, and (d) quadratic profile. 
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Fig.  3.  Root-mean-square  error  of  the  reconstructed  profiles  of  the 
instantaneous  mean  frequency.  Data  relative  to  the  instantaneous  mean 
frequency obtained by utilizing the Wigner-Ville (WY), the Born-Jordan (BJ), 
and the Choi-WiIliams (CW) transform are reported. For each transform three 
bars  are represented, relative  to  a SNR equal  to  1 dB  (bar  on  the left  Side), 
10 dB  (bar  in the  middle). and  infinite,  i.e., no-noise (bar  on  the right  side), 
respectively.  Different  panels  correspond  to  different  profiles  according' to 
those reported in Fig.  1. 
constructed  by means of different time-frequency transforma­
tions by computing  the root-mean-square  error (rmse) associ­
ated with each profile and SNR. Figs. 3 and 4 present the re­
sults. For each plot, the three different bars indicate the results 
for SNRs equal to 1 dB, 10 dB, and infinity (no noise), respec­
tively. The results show the higher error resulting from the ap­
plication of the Wigner-Ville transform, particularly when the 
SNR is equal  to 1 dB.  On average, the rmse associated  with 
the Wigner-Ville transform was found to be 50% greater·than 
that associated with the Born-Jordan transformation and 75% 
greater than that associated  with the Choi-Williams transfor­
mation. Moreover, a comparison between Figs. 3 and 4 shows 
that the rmse that marks the reconstructed profile of the instan­
taneous  median  frequency  is lower than  that of  the instanta­
neous mean frequency. On average the reconstructed profile of 
the instantaneous median frequency was associated with a rmse 
18% lower than the corresponding profile of the instantaneous 
mean frequency. Figs. 3 and 4 also indicate that the sensitivity 749  BONATO et al.: TIME-FREQUENCY PARAMETERS OF TIm SURFACE MYOELECfRIC SIGNAL 
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Fig.  4.  Root-mean-square  error  of  the  reconstructed  profiles  of  the 
instantaneous  median  frequency. Data  relative to the  instantaneous  median 
frequency obtained by utilizing the Wigner-Ville ('NV), the Born-Jordan (BJ), 
and the Choi-Williarns (CW) transform are reported. For each transform three 
bars are represented relative to  a SNR equal to I  dB (bar on the left side), 
IO dB (bar in the middle), and infinite, i.e., no-noise (bar on the right side), 
respectively. Different  panels  correspond  to  different  profiles  according  to 
those reported in Fig. 2. 
to additive noise of the instantaneous median frequency is lower 
than that of the instantaneous mean frequency, particularly when 
the Wigner-ViIle transform is considered. From these compar­
isons  we concluded that  the  Choi-WiIliarns distribution pro­
duces reconstructed profiles with the lowest error, although the 
Born-Jordan distribution also gives acceptable results. As sug­
gested in previous works [6], [18], [2}], [37], this finding can be 
related to the high selectivity of the kernel of the Choi-Williams 
transform that results in a more efficient attenuation  of the in­
terference terms. 
Results from the simulated myoelectric  signals  suggest that 
the Choi-WiIliams transform  is preferable to the Born-Jordan 
and the Wigner-Ville transforms when estimating the instanta­
neous median and mean frequency. Moreover, the reconstructed 
profile  of  the  instantaneous  median  frequency  is affected  by 
a rmse lower than that related  to the instantaneous mean fre­
quency. Therefore, in the remainder of the work presented here, 
only the instantaneous median frequency estimates derived by 
the  Choi-Williams transformation of the  surface  myoelectric 
signal  will  be  considered.  Bias  and  standard deviation  were 
computed for this specific case and all the profiles and SNRs. 
For  the  Choi-Williams  transform,  biases  ranged  between 
1.7  Hz  and  10.7  Hz  and  standard  deviation  values  ranged 
between 21.6  Hz and 32.4  Hz. The relatively high  values of 
the standard deviation of the estimates demonstrate that further 
processing methods  must  be  developed  to  obtain estimation 
errors  acceptable for  research  and clinical  applications. This 
problem is addressed in Section IV. 
IV.	 IMPROVING ESTIMATION STABILITY: THE IMPORTANCE OF 
CYCLIC CONTRACTIONS 
Strategies are needed to improve the sensitivity of time-fre­
quency  estimates  to  the  myoelectric  spectral  shift  resulting 
from  localized  muscle  fatigue  during  dynamic  contractions. 
One  method  adopted  was  to  limit  the analysis  to  a dynamic 
activity  that  is  mechanically  reproducible.  Therefore,  only 
repetitive cyclic contractions that result in periodic mechanical 
changes  to the muscle were considered. It is assumed that the 
cyclic task results in nearly identical changes  in muscle force, 
muscle  length,  and  velocity  of  shorteningllengthening of  the 
muscle fibers. 
Cyclic  contractions  may  be  seen  as  subdivided  into  two 
classes:  1) highly fatiguing contractions, such as those that re­
quire a maximal or near maximal effort and can only be repeated 
for relatively few  cycles;  or  2)  slowly  fatiguing  contractions 
that  are performed at a relatively  low percentage of maximal 
effort but are sustained at a relatively high repetition rate. This 
paper focuses on slowly fatiguing contractions because they are 
likely to be more common  in daily activities. To improve the 
stability  of the  time-frequency parameter estimation for  such 
contractions, we propose  a procedure based on  the following 
points:  1) only a limited part of the myoelectric signal "burst" 
corresponding to  a  fixed  portion  of the  contraction cycle  is 
analyzed and 2) the instantaneous time-frequency parameters 
can  be  averaged  for  a  few  consecutive  cycles  because  the 
myoelectric  signal  is considered to  be  quasi-cyclostationary. 
The  first  point  is  proposed  in  order to  reduce  the  effect  of 
biomechanical  factors  unrelated  to  fatigue  that  can  modify 
the  time-frequency  estimates.  The  second  point  leads  to  a 
significant decrease of the standard deviation of the estimates, 
which affects the time-frequency parameter estimation. 
The proposed approach  to analyze  cyclic dynamic contrac­
tions  consists of  taking  identical  portions of the  myoelectric 
signal "burst" during which the effects of muscle force, muscle 
length, and movement of the electrodes with respect to the active 
muscle fibers are assumed be the same across cycles. If we as­
sume that these factors are invariant for the same portion of each 
cycle, then the changes in the time-frequency spectra of the sur­
face myoelectric signal monitored from these portions  should 
be closely related to the spectral compression resulting from fa­
tigue processes. If no other strategy is adopted, however, the in­
stantaneous median frequency estimates wiIllikely be affected 
by a high standard deviation, as observed from the simulations 
illustrated in Section III.  Therefore, assuming that changes  in 
the frequency  content of the myoelectric signal are negligible 
within a few cycles, averaging across cycles can reduce the vari­
ability of the instantaneous median frequency. When doing so, 
it is assumed that the surface myoelectric signal may be mod­
eled as a cyclostationary process within these cycles, i.e., a sto­
chastic process whose first and second moments are marked by 
a periodic behavior over an indefinite period of time [13]. This 
assumption is valid in our application within a limited time in­
terval (i.e., within a limited number of cycles). Under these con­
ditions the surface myoelectric signal is referred to as quasi-cy­
c1ostationary. 
V. SAMPLE APPLICATION TO  REAL  DATA 
To demonstrate  the  effectiveness  of  the  method  proposed 
in  this  paper,  a  sample  application  is  presented  for  surface 
myoelectric signals recorded from the first dorsal interosseous 
muscle  during  a  cyclic  exercise.  The  task,  repeated  abduc­
tion/adduction  of  the  index  finger,  was  selected  because  of 
its  biomechanical  simplicity  and  ease  of constraining  the 
movement.  The  first  dorsal  interosseous  muscle  is  the  only 750  IEEE TRANSAcnONs ON BIOMEDICAL ENGINEERING. VOL. 48. NO.7. JULY 200t 
Time(s) 
Fig. 5.  Schematic representation of the selection procedure for windowing the 
surface myoelectric signal. (a) Raw surface myoelectric signal recorded during 
two successive repetitions of abduction/adduction of the index finger. (b) Joint 
angle that represents  the index finger position during the exercise. An output 
corresponding  to 0°  signifies the index finger in the neutral position (close to 
the middle finger). 
prime mover active during the abduction/adduction of the index 
finger  [3]. These factors can minimize unpredictable variations 
in the time-course of the estimated frequency parameter related 
to the variability of the biomechanics. 
A custom apparatus was built to provide abduction/adduction 
of the index  finger  under constant-load conditions throughout 
the entire  range of the exercise. The device consists of a plate 
to constrain the  thumb  and  middle  finger  in  a  fixed  position 
and  maintain the wrist in neutral.  The  index  finger  is free  to 
move in a range from 0° (neutral position) to 30° of abduction. 
A constant adduction load is applied to the middle phalanx of 
the index  finger  during  the exercise by a weight attached to a 
pulley  system.  The  load  was kept constant at a level equal  to 
ten percent of  maximum voluntary contraction performed at 0° . 
A potentiometer was used to measure the metacarpal joint angle 
during abduction/adduction of the index finger. A visual display 
was  added  to allow  the  subject to pace  the exercise and limit 
each cycle to a duration of 2 s. The exercise was performed for 
2.5 min, which resulted in seventy-five repetitions of the abduc­
tion/adduction movement. This protocol provided a moderately 
fatiguing task to the subject. 
The  surface  myoelectric  signal  was  detected continuously 
during  the  exercise  by  an  array  of electrodes  consisting of 
seven parallel silver bars  [0.5 mrn wide;  0.5 cm long]  with an 
inter-electrode separation of 5 mrn. Single  differential signals 
were  recorded from  adjacent parallel bars  and  amplified at a 
gain of 1000 and  band-passed at 8-450  Hz. The  signals were 
sampled at  a  rate  of 1024  Hz  using  a  PC  workstation with 
a  l2-bit analog-to-digital  signal  processing  card  (Microstar 
DAP-3200). The position of the innervation point was detected 
graphically  as  illustrated  in  previous  work  [30].  The  single 
differential signal derived  from the pair of bars corresponding 
to the mid-point between  the innervation zone  and the tendon 
on  the  distal  portion  of the  first  dorsal interosseous  muscle 
was  selected  for  further  analysis  according  to  a  previously 
published method [34]. 
Fig.  5  presents the  technique  that  was  utilized to  segment 
the  myoelectric bursts.  Fig.  5(a)  depicts the  surface  myoelec­
tric  signal  recorded during cyclic  abduction/adduction of  the 
index finger while constrained to a single plane using the custom 
mechanical device. Fig. 5(b) indicates the angle formed by the 
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Fig. 6.  Time course of the instantaneous median frequency during repeated 
abduction/adduction of the index finger. Markers are relative to the estimates 
performed  by  selecting  (a)  the  most  and  (b)  the  least  biomechanically 
repeatable  portion  of  each  repetition  of  the  exercise  (see  text  for  details). 
For each plot, the continuous  line was obtained by linear interpolation of the 
measurements reported by the markers. The dotted lines indicate the intervals 
at 95% confidence level. Data were normalized according to the intercept with 
the y axis of the regression line (i.v.-initial value) to obtain  the percentage 
decrease in the time-frequency parameter during the exercise. 
index finger with respect to the neutral position. The shadowed 
vertical  bands  identify the portion of  the burst considered for 
analysis in each cycle. The initial point of this time interval was 
set by a threshold equal to 10° of the joint angle. A window of 
512 samples was applied to the surface myoelectric signal and 
the time-frequency spectrum was estimated. A time-averaging 
window was utilized to decrease the variability of the estimate of 
the time-frequency spectrum. A single value of the estimate cor­
responding to the mid-point of the applied window was calcu­
lated for deriving the instantaneous median and mean frequency. 
The  threshold value of  10° was selected because it was the 
most repeatable portion of the joint angle  trajectory.  Repeata­
bility  was assessed by considering eleven  threshold values be­
tween 2.5° and 27.5° (2.5° apart). The average trajectory during 
short time intervals selected from each threshold value was com­
puted. The time interval corresponded to the length of the time­
averaging window applied to the  time-frequency distribution. 
The rmse  was estimated for each  time interval  by considering 
the average trajectory as the true value and evaluating the error 
over the entire duration of the cyclic exercise. 
The threshold value with the least error was utilized to select 
the surface myoelectric signal segment to be analyzed by means 
of the Choi-Williams transform. The time-course of the instan­
taneous median frequency was used to monitor the spectral com­
pression to lower frequencies during the exercise. Fig. 6(a) de­
picts this time-course for portions of the cycle selected for pro­
cessing. A progressive decrease of the instantaneous median fre­
quency during the entire exercise is evident and indicative of 
myoelectric fatigue. 
Each estimate was obtained by computing the time-frequency 
spectrum utilizing the Choi-Williams transform and applying a 
time-averaging window of 32 samples. Quasi-cyclostationarity 
was assumed over four consecutive repetitions (i.e., cycles) of 
the exercise. Therefore each  sample  reported in Fig. 6(a) was 
obtained as the average of four estimates of the instantaneous 
median frequency. Averaging the values obtained from four con­
secutive  cycles  of the  task  reduced  the  standard deviation of 
the instantaneous median frequency to almost half the value ob­
tained before  averaging. 
Fig.  6(b)  demonstrates the  increased variability  of  the  in­
stantaneous median frequency when the biomechanics minimal­
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considered for  analysis.  In  this  example, the  threshold value 
was  set  to 25°.  It is  worthwhile  noting  that  the  rmse  of  the 
joint angle trajectory for this threshold value was approximately 
twice that corresponding to a threshold value of 10°. This result 
emphasizes the importance of considering the time  interval  in 
which the variability of the biomechanics of the exercise is the 
smallest. 
VI.  DISCUSSION 
This  paper describes  recent  developments  in  advancing  a 
novel procedure to track the spectral scaling of the myoelectric 
signal  during  repetitive  cyclic  contractions.  The  proposed 
approach was developed to address the drawbacks of traditional 
approaches  that  segment  the  myoelectric  signal  into  short 
epochs.  The use of short windows  to segment the myoelectric 
signal  yields  a poor frequency  resolution of  the spectral esti­
mates  [30]. Theoretical work by Hof [15] has  shown  that  the 
estimation error of the median and mean frequency  is inversely 
proportional to the  length  of  the  window  utilized to segment 
the  myoelectric  signal.  Work  by  Merletti  et  al.  [29]  using 
computer simulations has  supported these findings.  It is well 
recognized [6], [15], [29] that the use of short segments yields 
an error too large  to assess  changes in the frequency content 
of  the  surface  myoelectric  signal  associated  with  localized 
fatigue  during  dynamic  contractions. An alternative approach 
that  addresses  the  frequency  resolution  limitation  inherent 
in  selecting  a  short  time  window  is  to  compute  the  square 
magnitude of the Fourier transform of each burst of the surface 
myoelectric signal, disregarding the nonstationarities evolving 
within  the burst  itself. This  technique estimates the frequency 
marginal of the time-frequency representation. Therefore, when 
computing the mean frequency of the square magnitude of the 
Fourier transform of  the signal,  an estimate of  the frequency 
coordinate of the centroid of the time-frequency distribution is 
obtained. This value roughly corresponds to the average of the 
instantaneous mean frequency estimates. Similarly, the estimate 
of  the  median frequency  performed on  the square  magnitude 
of the Fourier transform of  the signal  roughly  corresponds to 
the average  of the instantaneous median frequency estimates. 
If  localized muscle  fatigue  leads  to  a  simple  scaling  of  the 
entire time-frequency representation of the surface myoelectric 
signal, the results obtained by estimating the frequency param­
eters  through the Fourier transform of each burst of the signal 
approximately  correspond  to  the  changes  in  instantaneous 
median  and  mean  frequency  observed by  the  time-frequency 
analysis.  We did not choose to adopt this alternative procedure 
because  it  assumes  that  the  factors  unrelated to  fatigue  that 
affect the surface myoelectric signal during the cyclic  activity 
(e.g.,  changes  in  muscle  length,  muscle  force,  and  electrode 
position)  are  perfectly  repeatable  during  each  cycle  of  the 
exercise. This assumption is unlikely  because  of the difficulty 
in controlling all  the biomechanical variables of  the exercise 
while  muscular  fatigue  progresses.  It would  be  necessary 
to completely constrain  the  biomechanical conditions  of  the 
exercise to achieve such levels of repeatability. 
The time-frequency transform that we adopted enabled us to 
select and analyze  a specific portion of the exercise cycle  that 
was  biomechanically repeatable.  In order  to establish a rela­
tionship between the time-frequency characteristics of the sur­
face myoelectric signal and the biomechanical changes occur­
ring during  the dynamic exercise, it was necessary  to monitor 
the kinematics of  the  task. There is considerable evidence  in 
the literature  that length  [16], force  [5], [7], and electrode  po­
sition  [23] have  a primary  influence on the surface myoelec­
tric signal during dynamic conditions. It was beyond the scope 
of this paper to selectively describe the respective influences of 
each of these factors. Instead, by selecting a repetitive, cyclical 
task, we pre-supposed that these factors were constrained to be 
the  same  for  subsequent repetitions of  the exercise.  We also 
suggested that surface myoelectric signals recorded during dy­
namic cyclical contractions are quasi-cyclostationary within a 
few cycles. Unfortunately to our knowledge there is no method 
to measure the quasi-cyclostationarity of the surface myoelec­
tric signal. A possible approach could be based on the computa­
tion of the distance [22] among portions of the time-frequency 
distributions of  the myoelectric data  recorded during  consec­
utive cycles. Further studies  are needed to investigate possible 
approaches to measure the quasi-cyclostationarity of the surface 
myoelectric signal  and verify  this  assumption under complex 
conditions. 
The method we adopted is somewhat akin to using isometric 
test  contractions  to  briefly  interrupt a  dynamic  activity  and 
sample  the  myoelectric  fatigue  state  of  the  muscle.  Under 
such conditions, the  influence  of  muscle  force,  velocity, and 
length  are assumed  to be constant [12]. The  method of using 
test  contractions  is  only  a  partial  solution  because  it  can 
introduce additional  fatigue  to  the  task being  studied,  it may 
be impractical to perform during real-life  activities,  and more 
importantly,  it  may  result in  sampling different  populations 
of motor  units than  those  being  recruited during  the dynamic 
activity. No studies  to date have determined how serious these 
drawbacks are. The  time-frequency approach described  in this 
paper may provide the signal processing tools needed in future 
work to make such a comparison. 
The sample application of the technique herein proposed for 
the analysis  of surface  myoelectric signals  recorded  from the 
first dorsal  interosseous muscle  demonstrates that this  proce­
dure may be useful for quantifying the spectral scaling that oc­
curs as a result of fatigue during cyclic dynamic  activities. The 
exercise task studied in this paper was carefully selected to im­
prove  the  likelihood of  success.  The  contractions involved  a 
single prime mover, the range of muscle length change was rel­
atively  small,  the  position of  the  hand  was  well constrained, 
and the contractions followed  a fixed and repetitive  trajectory 
in which changes in electrode position, force, and length were 
likely repeatable. Further study  will be necessary  to correlate 
these spectral  changes  to biochemical and contractile indexes 
of muscle  fatigue  and to demonstrate more explicitly that the 
spectral  scaling  is a valid estimator of underlying physiolog­
ical and mechanical measures of fatigue during  dynamic con­
tractions. Preliminary studies in which 31P-NMR spectroscopy 
was combined with surface myoelectric recordings during a fa­
tiguing cyclical contraction have provided encouraging results 
[35]. Further development of  the  technique  described in  this 
paper will be needed  to assess  more complex activities  which 752  IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING,  VOL. 48, NO.7, JULY 2001 
are  not  as constrained. This  will be particularly desirable for 
many possible applications in the fields of ergonomics, rehabil­
itation, and sports medicine. 
VII.  CONCLUSION 
This paper provides the first  comparison between instanta­
neous mean and median frequency parameters for assessing lo­
calized muscle fatigue during dynamic contractions. By  using 
synthesized surface myoelectric signals,  we demonstrated that 
the instantaneous median frequency is preferable to the instanta­
neous mean frequency because of its lower estimation error. We 
also demonstrated the benefit of the time-frequency transform 
of the Cohen class (i.e., the Choi-Williams transform) by com­
paring the estimation errors associated with the Wigner-Ville, 
the Born-Jordan, and the Choi-Williarns transforms. In order to 
obtain a satisfactory sensitivity of the instantaneous median fre­
quency to changes in the surface myoelectric signal related to 
localized fatigue during dynamic cyclic  contractions, we  pro­
posed two strategies: 1) limit the analysis of the surface myo­
electric signal to the  most biomechanically repeatable portion 
of the cycle and 2) average the instantaneous median frequency 
values  across a few cycles where  the assumption of quasi-cy­
clostationarity of the  surface myoelectric  signal is  valid.  Fi­
nally, we demonstrated a relationship between variability in the 
biomechanics of  the  task  and  variability  of  the  instantaneous 
median frequency  time-course during the  exercise. This rela­
tionship emphasizes the  importance of choosing the  most re­
peatable portion of the cyclic task for assessing localized muscle 
fatigue. 
We believe that the material presented in this paper may help 
extend the applicability of current myoelectric spectral analysis 
procedures to new areas. The possibility of  monitoring the elec­
trical manifestations of  muscle fatigue noninvasively during dy­
namic activities will have important applications in the fields of 
rehabilitation, ergonomics, and sports medicine. 
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